The East Tianshan Mountain is one of the most important gold ore forming zones in northwestern China and central Asia. The Chinese GaoFen-1 (GF-1), the first Chinese high resolution satellite, is characterized by its 2-m resolution PAN data. The Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER), the wellknown earth observation satellite, is advanced by its finer spectral resolution owing 9 bands in the visible and near infrared (VNIR) to the short-wave infrared (SWIR) region. In this study, we fused the GF-1 PAN and the ASTER multispectral data using the well-known Gram-Schmidt Pan Sharpening (G-S) method to produce a new data with both high spatial and spectral resolution. Then different lithological units were mapped respectively using the fusion data, the ASTER data and the WorldView-3 data by support vector machine (SVM) method. In order to assess this fusion data, a comparison work was executed among the three mapping results. The comparison work indicated that lithological classification using the new fusion data is an efficient, robust and low cost method, and it could replace the WV-3 data in some large sale geological work.
Introduction
A series of multispectral remote sensing sensor have been successfully used for lithological mapping, alteration products discrimination and fracture structure interpretation. The most commonly used data are including Landsat 5 Thematic Mapper (TM), Landsat 7 Enhanced Thematic Mapper Plus (ETM+), Landsat 8 Operational Land Imager (OLI) and Terra Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) data [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] . The ASTER satellite carrying the Terra platform (EOS), was launched in December 1999 and provide a finer spectral resolution with three visible and near infrared (VNIR) bands from 520 to 860 nm and six short-wave infrared (SWIR) bands from 1600 to 2500 nm. But the spatial resolution of the ASTER images is relatively low at 15m of VNIR bands and 30 m of SWIR bands per pixel [1] . The ASTER data was widely applied in geological works due to its spectral advantage in short-wave infrared (SWIR) region, which covers hydroxyl absorption bands and carbonate bands (Al-OH, Mg-OH and CO 2− 3 ) of many indicator minerals in geological exploration [12] . The Chinese GaoFen-1 (GF-1) satellite, launched by the Chinese government in April 2013, is the first civilian high resolution earth observation program implemented in China. GF-1 is equipped with two sensors including panchromatic-multispectral sensor (PMS) and four wide field view (WFV) sensors. The PMS data provide four multispectral bands with 8 meter spatial resolution and a panchromatic (PAN) band with 2 meter spatial resolution. The advantages of GF-1 data are the relatively high spatial resolution and its low cost. The China Center for Resources Satellite Data and Application (CRESDA) could provide free GF-1 data for some institutes, universities in China, and the commercial price is expensive per scene (32km×32km). The available researches have successfully used GF-1 data in crop classification, soil evaluation and vegetation cover estimation [13] [14] [15] . The new WorldView-3 (WV-3) satellite, with both high spatial and spectral resolutions, was launched on 13 August 2013. WV-3 data has opened up a new opportunity to map lithological units, mineral distribution and vegetation cover. Some studies have evaluated WV-3 data to be a more accurate technique in lithological and mineral mapping [16, 17] . Notably, a regional remote sensing mapping using WV-3 data may become financial costly. Data fusion is the process of integrating multiple data sources to produce more consistent, accurate, and useful information than that provided by any individual data source [18] . However, the mapping accuracies of ASTER and GF-1 data are limited respectively by their coarse spatial and spectral resolution [19] . Considering the advantages of the ASTER and GF-1 PMS data are the relatively high-spectral and spatial resolution (nine VNIR-SWIR bands of ASTER and 2-m panchromatic band of GF-1), thus a new multispectral image with 2 meter spatial resolution can be obtained by fusing the GF-1 PAN and ASTER multispectral images. The band distribution and their spatial resolutions of GF-1 PAN, WorldView-3 and ASTER data were shown in Figure 1 .
Hyperspectral data, including airborne and spaceborne imagery, have been widely used in lithological mapping, alteration minerals mapping and providing significant geological information for geologic researchers in some arid areas [20] [21] [22] [23] [24] . The airborne hyperspectral technique was considered to be a time and financial consuming method and it is not suitable for regional data collection [25] . The NASA's EO-1 Hyperion, the first spaceborne hyperspectral sensor, was launched on November 21, 2000. It opened up new opportunities for geological mapping with 242 spectral bands (400-2500 nm) and 30 m spatial resolution [26] [27] [28] . The Chinese first spaceborne hyperspectral sensor, the Tiangong-1 Hyerspectral Imager (HSI), was launched on September 29, 2011 . It provides 64 bands in visible to near infrared region (400-1000 nm) and another 64 bands in short-wave infrared region (1000-2500nm). And the Tiangong-1 data was proved to be a valuable way in assisting gold exploration [29] . Although the spaceborne data could perfectly map the geologic indicators and freely obtained from the United States Geological Survey's website, the ground coverage of these data is relatively low than the ASTER and the Landsat series [30] .
Images fused by Landsat 5 TM multispectral data and IRS-1C panchromatic data were used for lithological mapping in the Holenarsipur Supracrustal Belt, India, and this fusion data could help geologists to easily find the boundaries of resistant rock formations [31] . Fusion data integrated by ERS-2 SAR imagery and IRS-1C multispectral data were assisted lithological mapping in the Singhbhum Shear Zone, India, and this data could discriminated various litho-units [32] . Imagery fused by Landsat 7 ETM+ multispectral data and ERS-2 SAR data were experimented for geological mapping in Eljufra, Libya [33] . A new data integration for geological mapping in vegetation presence areas was conducted on basis of Airborne Thematic Mapper (ATM) multispectral data and Airborne LiDAR data [34] , but the collection and processing of the airborne data may become time and financial consuming. Zawadzki et al. reported a geo-statistical based technique to extract vegetation information in some forest covering areas, these methods could help to solve the problems caused by vegetation cover in lithological mapping [35] . An effective way of identifying the volcanic and granitic rocks was reported using a kind of fusion data integrated by Egyptsat 1 and Landsat 7 ETM+ data [36] . Data fused by the Phased Array type L-band Synthetic Aperture Radar (PALSAR) data and the ASTER data could provide further detail geological information for metallic deposits exploration [37] . Integrated images by fusing the GF-1 PAN and Landsat 8 OLI were applied to map the iron oxide minerals distribution, and provided an efficient and economic method in exploring geological information by remotely sensed technique [38] .
The aim of this study is to traditionally process the new integrated data fused by GF-1 PAN image and ASTER multispectral bands for lithological mapping and to evaluate the classification accuracy of this fusion data by comparing with the classification results of ASTER data and WV-3 data processed by the same method. The main novelty of this study is reporting an economical way for lithological mapping and geological survey by use of a fusion data produced by the Chinese GF-1 and ASTER.
Geological Settings
The study area is located in the East Tianshan ore forming belt of the Xinjiang Uygur Autonomous Region, Northwest China (Figure 2 ). The East Tianshan ore forming belt is one of the most important metallogenic belt with an abundance of metallic mineral deposits such as Tuwu copper deposit, Yandong copper deposit, Yamansu Fe-Cu deposit, Bailingshan Fe deposit, Xiaorequanzi Cu-Zn deposit, Shiyingshan gold deposit, etc. Most of the deposits are porphyry-, skarn-, or hydrothermal related with tectonic and intrusions [39] .
The Palaeoproterozoic gneiss, the Late Carboniferous to Permian diorite, hornblende diorite, and gabbro, and the Early Permian granite intrusions are the main stratigraphic units of the study area. The gneiss is generally distributed in the north part of the study area. The diorite or hornblende diorite are widespread in the middle and south part of the study area. The gabbro is located at the east part of the study area. Additionally, some small sized granite intrusions (10-60 m in width) are located in the diorite.
According to some regional geological researches, the study area may be a significant gold metallogenic zone. While two types of gold deposits were declared to be the main exploration target: first is the volcano gold deposit occurred in the Permian and Carboniferous volcano rocks including the Xinjinchang gold deposit; second is the hydrothermal gold deposits related to intermediate acidic magmatite, mostly occurs in acid rock alteration zones [40] .
Materials and Methods

Remote Sensing Data
The cloudless GF-1 PAN data was obtained on 13 September, 2015, and was freely provided by the CRESDA (http: //www.cresda.com/CN/). The image was georeferenced to UTM zone 46 North projection by using WGS-84 datum. The ASTER level 1B data used in this study were acquired on 20 July, 2006. The images have been pre-georeferenced to UTM zone 46 North projections with WGS-84 datum. The spatial resolution of SWIR bands were resampled to 15m according to VNIR bands, and the ASTER data were corrected for atmospheric effects using the Fast Line-ofsight Atmospheric Analysis of Spectral Hypercubes module (FLAASH). The ASTER data are available to the general public at no cost and can be downloaded at the United States Geological Survey's (USGS) website: http://glovis. usgs.gov. The WorldView-3 data was obtained from the 21st Century Aerospace Technology Company (Beijing, China), at level L2A. The WV-3 data was acquired at 05:08 am, 29 June 2016, UTC time, and the images was refer to reflectance data already. Because of the commercial restriction, the WV-3 VNIR data and SWIR data were resampled from 1.24 m and 3.7 m to 2 m and 7.5 m respectively. We also resampled the SWIR images to 2 m according to the VNIR bands. The three kinds of images were subset via the region of interest (ROI) of their repeating area for further processing. The data processing methods is shown in Figure 3 . 
Gram-Schmidt Pan Sharpening
Pan-sharpening algorithms are used to sharpen multispectral data using high spatial resolution panchromatic data. Gram-Schmidt Pan Sharpening (G-S) is a phase retrieval algorithm published by Laben and Brower (2000) [41] . The spatial resolution of the multispectral images is enhanced by merging the high resolution Pan image with the low spatial resolution multispectral bands. Since its publication, the Gram-Schmidt pan-sharpen method has become one of the most useful fusion methods [42] . Some available studies fused Hyperion hyperspectral data and IKONOS data for land cover classification or fused Landsat 8 OLI data and GF-1 PAN data for mineral mapping using Gram-Schmidt Pan Sharpening [38] . Therefore, the new fused data and the fusion method were proved to be valuable even though their bands cover different spectral range [38, 43] . The Gram-Schmidt Pan Sharpening method was used to fuse GF-1 PAN data with ASTER data and to produce a new 9 bands multispectral data with both high spectral and spatial resolution.
Principal Component Analysis
Principal component analysis (PCA) is a statistical tool for producing uncorrelated bands by finding a new set of orthogonal axes that have their origin at the data mean, and that are rotated so the data variance is maximized [44] [45] [46] [47] . The PCA technique is traditionally used to compress a large correlated band into smaller uncorrelated bands named principal components (PCs) [9] . This process eliminates the data redundancy, isolates the noise in the output PC bands, and therefore enhances certain types of spectral signatures from the background. PCA was applied to the proposed ASTER data, fusion data and WV-3 data to emphasize the distribution of the different rock units in the study area. Then the main principal bands including most information were selected to compose false color images for lithological discrimination.
Support Vector Machine Classification
The support vector machine (SVM) is a classification method on basis of statistical learning theory. It maximizes the margin between the classes and discriminates the classes with a decision surface. The surface is generally named as the optimal hyperplane, and the data points closest to the hyperplane are described as support vectors [48] [49] [50] [51] . The support vectors are the critical elements of the training set. The lithological samples of different rocks were selected via regions of interests (ROIs) according to the pre-existing geological map for SVM classification ( Figure 4 ). The ROIs of the samples were meticulously selected by geologists who mapped the geological map. 
Confusion Matrix
The accuracy of each classification result using SVM method was examined via a Confusion Matrix by comparing a mapping result with ground truth ROIs selected according to pre-existing geological map. The overall accuracy is represented by the ratio of the number of correctly classified pixels to the total number of pixels. The total number of pixels is the sum of all the pixels in all the ground truth classes. The true class of the pixels are defined by the ground truth ROIs, which are collected from the pre-existing geological map. The correctly classified pixels are list along the diagonal of the confusion matrix table where the number of pixels delimit into the correct ground truth class. The total number of pixels is calculated by summing up the pixels in all the ground truth classes [52] .
Results
Principal Component Analysis
The results calculated from the PCA, which include PC bands and eigenvalues [53, 54] . PC1 contains the highest values (usually the total albedo of the scene) in each kind of image (99.365% in ASTER, 99.391% in fusion image and 98.644% in WV-3). PC2 enhances the discrepancies between the VNIR bands (ASTER bands 1, 2, 3 and WV-3 bands 1-8) and SWIR bands (ASTER bands 4, 5, 6, 7, 8, 9 and WV-3 bands 9-16) by opposite signs [6] . In the remaining PCs, the signs and magnitude of eigenvectors could be analyzed in the discrimination of different objects [55] . From the PCA results, we selected PC1, PC2 and PC3 bands of each data for finer discrimination of lithology in the study area because of the high percentage of the ground information. The PCA (R: PC2, G: PC1, B: PC3) false color images of the three kinds of data were made for geological interpretations, which perform various colors in different lithology. The gneiss are identified by a pink-magenta tone in the ASTER data, appear as dark blue in the fusion data, and showed by red to magenta in the WV-3 data. The amphibole diorite and diorite are marked by green to yellow in the ASTER data, displayed as light blue to yellow-green in the fused data, and covered by light green to yellow in the WV-3 data. The gabbro are depicted as purple to darkblue in the ASTER image, showed by dark blue in the fused data, and appear as purple in the WV-3 data. The granite are similarly showed by green to yellow color in the three kinds of data. The alluvium are displayed as light pink, light blue and green in the ASTER, fused data and WV-3 data respectively. The PCA false color images of three different data are shown in Figure 5 . The recognition ability of small geological intrusions could also improve by the fusion method. Some gabbro dykes could hardly find in the ASTER data (Figure 6a ) but could easily identified in the fusion image and the WV-3 data (Figure 6b and 6c ).
Support Vector Machine
Lithological classification maps using SVM method on basis of three kinds of data are shown in Figure 7 . Six types of lithological units including gneiss, diorite, hornblende diorite, gabbro, granite and alluvium have been distinguished well using WV-3 and the fusion data whereas the lithological distribution mapped by the two data are similar to the pre-existing geological map (Figure 7b and 7c) . And more details of rock units could be shown from the classification result of WV-3 imagery. The mapping results of ASTER data are also efficient in identifying gneiss, diorite, gabbro and alluvium, but fail to discriminate hornblende diorite from diorite ( Figure 7a) . Furthermore, the granite and alluvium mapped by ASTER data are wide spread in our study area, this result may contain high misclassification.
Classification Accuracy
The classification accuracy was quantitatively evaluated by test samples via a confusion matrix and the overall accuracy. The overall accuracy of WV-3 data classification was 67.88% (Table 3 ). The accuracies of three kinds of lithological units including diorite, gabbro and alluvium were over 60%, whereas hornblende diorite and granite reached relatively lower accuracies: 26.94% and 31.94 respectively. The overall accuracy of the fusion data mapping result was 52.84% ( Table 2 ). The accuracies of alluvium, gneiss and diorite were 79.9%, 61.8% and 57.17% re- Overall Accuracy = 46.10% Overall Accuracy = 52.87% Overall Accuracy = 67.88%
spectively and the accuracies of other lithological units were generally over 40%. Although the accuracy of the fusion data were slightly lower than that of the WV-3 data, the classification result may still valuable in regional geological mapping. Moreover, the financial cost of the fusion data is affirmatively lower than the WV-3 data. The overall accuracy of the ASTER data were the lowest at 46.10% (Table 1 ). The accuracies of gabbro, gneiss and alluvium were 62.01%, 57.67% and 53.09. The diorite and hornblende diorite were hard to discriminate using the ASTER data because they both shown light green color on ASTER PCA false color component image in Figure 5a .
A comparison between the accuracies of confusion matrixes showed that the WV-3 sensor gave the best results followed by the fusion data and the ASTER sensor, especially in distinguishing the gabbro, alluvium, diorite and gneiss. The high accuracies of the WV-3 results is mainly due to the high spectral and spatial resolution as well as the perfect signal to noise performance. Although the results of the fusion data are between WV-3 and ASTER data, the accuracies of the six lithological units are all over 40%. The classification result could provide a satisfactory quality in large scale lithological mapping. The result mapped by the ASTER data gave the poorest accuracy and it may be more suitable in a regional mapping. 
Discussions
According to the classification results, the overall classification effect of the WV-3 data was slightly better than that of the fusion data. It is no doubt due to its finer spectral and spatial resolution. The fusion data could also show a satisfactory result in lithological mapping at large scale.
Some available studies have shown efficient results to use Gram-Schmitt Pan Sharpening method in fusion data producing, land cover mapping and iron alteration extraction [38, 42, 43, 56] . Vaiopoulos and Karantzalos in 2016 have detailedly described the high spectral fidelity between the fusion data (fused by the VNIR and SWIR data of Sentinel-2) and the raw multispectral data even though the SWIR data do not overlap spectrally with the high spatial resolution VNIR bands [57] . The spectral features of different rock units are influenced by atmospheric effects, mineral component of the rocks, vegetation cover, soil cover, and the spatial and spectral resolution of the image. Even though, the spectral curve of the same rock collected from remote sensing images could be significantly different from the laboratory spectra [58] . This discrepancy significantly due to the water content in the natural samples. Moreover, the main rock-forming minerals including quartz and feldspar show limited absorption features in VNIR and SWIR regions and most of the spectral features are caused by altered or weathered minerals [59] . However, the diagnostic absorptions could be identified from certain bands. In order to examine the imagery spectral features, the average spectra of different rock units were obtained from the three kinds of images according to the pre-existing geological map (Figure 8 ).
Obviously in Figure 8a and 8c, the spectra of the same lithological unit collected from both the fusion data and the ASTER data were quite similar. From Figure 8a , the spectra of the six different lithological units gathered from the fusion data were also analogous in shape with two high reflectance at band 4 and band 7. The main differences were shown in band 1, band 2, band 5, band 6 and band 9. Comparing to Figure 8a , the Figure 8c showed the spectra of different rocks in the raw ASTER image, and only band 5, band 6 and band 9 reflected obvious features, whereas other bands were quite similar. Especially, the diorite and the hornblende diorite showed parallel spectral curves in the ASTER data and they occurred different in shape on band 2 and band 5 in the fusion data. This may be the rea-son why the fusion data could discriminated the two types of rock but the ASTER data failed.
In the VNIR bands (band 1 to band 8) of the WV-3 images (Figure 8b ), the spectra are also quite similar in shape. In the SWIR bands (band 9 to band 16), the spectral curves of different rock units are significantly different in shape. Especially, band 9 showed prominent features of different rocks whereas band 14 showed weak features. These bands may make a great contribution on distinguishing variety of rock types.
From Figure 6b and 6c, the gabbro dykes could high lightened by the PCA false color image of the fusion data and the WV-3 data. But the ASTER PCA false color image could not figure out the gabbro dykes due to the poor spatial resolution (Figure 6a ). This phenomenon surely indicated the significant resolution contribution of Chinese GF-1 PAN data in interpreting small veins.
The accuracy of each individual rock unit is a significant factor for assessing the new fusion data. As is shown in Table 1 to Table 3 , the mapping results of the four kinds of wide spread rock units including gneiss, diorite, gabbro and alluvium have given relatively high accuracies. The gneiss and the alluvium discriminated by the fusion data reached the highest score (61.8% and 79.9%) among the three kinds of data. And the diorite and the gabbro identified by the WV-3 data gave the best result of 60.75% and 85.5%. The distinguishing accuracies of the granite using the three data were relatively low with scores not exceeding 41%. This may be due to the sporadic distribution of the granite veins, and other main rock units may negatively influence the spectral response of the granite. In addition, some of the granite veins are much smaller in width (5-10 m) than the pixel size of ASTER (30 m), and the spectral information of the pixels in fusion data could not exceed the ASTER data. So the target distribution and the data information quantity both exits influence on the recognition results of the granite vein. Despite of the small disadvantage of the fusion data on the overall accuracy, the mapping result of the WV-3 could be replaced by that of the fusion data in some large scale lithological mapping. In this study the WV-3 data cost nearly 5,000 dollars whereas the ASTER data and the GF-1 PAN data were freely provided by the USGS and the CRESDA. This new fusion data may provide an efficient, low cost approach in assisting geological mapping in some inaccessible regions with low vegetation cover.
The samples of the different rock units gathered on the images also plays an important role in the classification. Selecting the training samples according to the preexisting geological map in the artificial interpretation included some uncertainty. Test samples were selected empirically by geologists, so the samples of the same rock may lead to different results. Samples in this research were selected carefully by the geologists who mapped the preexisting geological map. So the lithological samples were more reliable than the selection work only based on imagery. Simultaneously, because of the spatial resolution discrepancy of the three data, the lithological distribution appeared not congruous. Additionally, unavoidable errors of the classification work caused by acquisition time, field of view, surface weathering and sub-pixel spectral mixing may have significant impact on the mapping accuracy. The fusion data may alter the spectral features of the raw ASTER data, and is not very suitable for laboratory spectral based mapping methods including Spectral Angle Mapper (SAM) and MF (Matched Filtering).
Conclusions
This study conducted lithological mapping using the new integrated data (fused by Chinese GF-1 PAN and the ASTER data) and a SVM method, and compared with the lithological classification maps of ASTER and WV-3 data for the first time. The classification accuracies of the three kinds of data were estimated. The results showed the mapping accuracy of the fusion data was 6.77% higher than the ASTER data and 15.01% lower than the WV-3 data, because the spectral and spatial resolution of the fusion data are between that of the WV-3 data and the ASTER data. Concerning the high cost of WV-3 data, this new fusion data had an important advantages in visual interpretation and supervised classification. The high spatial resolution of the fusion data contributed by the GF-1 PAN data could make the small gabbro dykes available on the screen. Moreover, SVM method is also useful for the fusion data. This fusion data may open a new realm of remote sensing image analysis for lithological mapping and alteration extraction.
